Many animals use vision to detect, discriminate, or recognize important objects such as prey, predators, homes, or mates. These objects may differ in color and brightness-having chromatic and achromatic contrast to the background or to other objects. Visual models are powerful tools to investigate contrast detection, but need to be calibrated by experimental data to provide robust predictions. The most critical parameter of current models-receptor noise-is usually estimated from a small number of behavioral tests on chromatic contrast thresholds, while equivalent tests of achromatic thresholds in a wide range of animals have often been ignored. We suggest that both chromatic and achromatic contrasts in studies of visual ecology should be examined using calibrated model parameters, and we provide a compilation of what is currently known on visual thresholds and corresponding noise estimates. Besides the need for careful parameter estimation, we discuss how the robustness of model predictions depends on assumptions about overall light intensity, background color and brightness, object size, and behavioral context.
INTRODUCTION
In many animals, vision facilitates the detection, discrimination and recognition of objects, such as mates, homes, predators or prey, guides important behaviors such as homing and mate choice, and governs parasite-host and predator-prey interactions. Understanding of these behaviors thus requires knowledge of animal vision. A multitude of studies in animal ecology and evolution, for instance, aim to understand the function of body color patterns, whether they are effective as cryptic camouflage, as aposematic signals, a sexual signal or as cues to species/sex identity. Objects can differ from their backgrounds in luminance (or intensity)-and have an achromatic contrast-or they can differ in their spectral reflectance pattern (or color)-and thus have a chromatic contrast. Most natural objects contrast to their background both in color and intensity (Figure 1 ). For a complete understanding of how animals visually detect or discriminate between objects, it is thus important to evaluate their detection thresholds for both chromatic and achromatic contrasts.
Behavioral studies that seek to establish these thresholds for different species are labor-intensive and time-consuming. They can only be performed with a limited set of object colors, and have only been carried out on a limited number of species. It is therefore very convenient that it is possible to combine the limited results of such experiments with basic knowledge on the visual system and use mathematical models of visual systems to predict how well other object colors can be detected and discriminated by the animal in question. The model that is most commonly used for such studies assumes that visual discrimination, the ability to distinguish objects, is limited by the noise in photoreceptors Siddiqi et al. 2004 , Renoult et al. 2015 . The noise in photoreceptors is the most important parameter that needs to be estimated (Lind and Kelber 2009 ) although a recent study pointed out that the relative frequency of receptor types has a large influence on the estimation of relative color differences (Bitton et al. 2017) .
In this paper, we shortly summarize the model, compile what is known on chromatic and achromatic detection thresholds of animals and suggest how these data can best be used to estimate photoreceptor noise. We then discuss how detection thresholds depend on illumination, object size and other environmental conditions, and give some general guidelines how model calculations can be used to reliably predict visual performance in natural habitats and under natural conditions. The spectral reflectance of the white back and the yellow crest of a Yellow-crested cockatoo (Cacatua sulphuratus; Stoddard and Prum 2011) and the green leaves in the background. Photo credit: Michael Pfaff (a). The spectral sensitivity of the chromatic (full lines) and achromatic (dashed lines) visual channels of a chicken (b) and a human (c). The question in visual ecology could be to estimate whether the bird can be detected against the background or if the difference between the plumage patches can be detected by an observing animal. These questions can be addressed using the visual models described in the main text.
The cockatoo colors and the green background provide both achromatic and chromatic contrast for both observers, but in different ratios for birds (d) and humans (e). A step-by-step explanation of the calculations used can be found in the Supplementary Material.
CHROMATIC AND ACHROMATIC VISUAL CHANNELS
Achromatic vision is possible in any visual system, but two preconditions have to be fulfilled for chromatic vision: the presence of at least two types of photoreceptors with different spectral sensitivity, and mechanisms in the nervous system that allow these photoreceptor signals to be compared such as color-opponency (e.g. Kelber 2016) . It is commonly assumed that many animals employ separate visual pathways for detecting chromatic and achromatic contrast: birds are thought to use four types of photoreceptors for colour vision; single cones sensitive to light of long (L), medium (M), short (S) and violet or ultraviolet (V/UV) wavelengths Osorio et al. 1999; Hart 2001) . The double cones of birds are likely not contributing to color vision but instead mediating achromatic vision (Campenhausen and Kirschfeld 1998; Osorio and Vorobyev 2005) . In primates, the chromatic visual system uses all three cone types including S cones whereas the achromatic visual system combines only inputs from the M and L cones in bright light (Livingstone and Hubel 1988; Dacey 2000) and rods in dim light. In honeybees, it has been shown that S, M, and L receptor types contribute to chromatic vision while only L receptors mediate achromatic vision, and the difference in spatial resolution, the ability to resolve spatial detail, for chromatic and achromatic contrasts suggests separate neural pathways (Backhaus 1991; Giurfa et al. 1997; Vorobyev et al. 2001 , Hempel de Ibarra et al 2014 . Finally, in flies, it has been assumed that four receptor types (anatomical receptors R7 and R8, which express different opsins in two types of ommatidia) mediate colour vision while a fifth receptor type (anatomical receptors R 1-6, all expressing the same opsin Rh1), mediates achromatic vision (Hardie 1986; Strausfeld and Lee 1991; Anderson and Laughlin 2000 but see Wardill et al. 2012; Schnaitmann et al. 2013 who found interaction between the two pathways). The separation of chromatic and achromatic channels in the visual systems of many animals (see Osorio and Vorobyev 2005 , for more information) allows us to use separate models to estimate detection or discrimination thresholds in both channels.
MODELS OF CHROMATIC AND ACHROMATIC DISCRIMINATION
Several models that estimate the visual perception of stimuli in the eyes of animals (e.g. Backhaus and Menzel 1987; Backhaus 1991; Chittka 1992 ) are either not designed to estimate discrimination thresholds or are specific to one animal model. The receptor noise limited (RNL) model of color discrimination ) is more general and has been used widely. It can be used to estimate chromatic discrimination thresholds for known stimuli, if a relatively small number of parameters of the visual system of the species are known: the spectral sensitivity of the photoreceptors contributing to color vision and the level of receptor noise that sets the discrimination threshold. It is assumed that the subsequent neural processes that underlie colour perception do not themselves limit color discrimination in optimal conditions. Photoreceptor sensitivities have been determined for a large number of animal species (for reviews see Kelber 2006; Bowmaker 2008; Hunt et al. 2009 ). Lind and Kelber (2009) have demonstrated that small errors in the estimation of receptor sensitivities do not affect model results too seriously and this has been confirmed later (Bitton et al. 2017) . It is therefore possible to use the spectral sensitivities of a closely related species in models, if those of the species in focus are not known. A correct estimation of receptor noise, on the other hand, is critical for an accurate prediction of discrimination thresholds (Lind and Kelber 2009; Bitton et al. 2017 ). We will discuss how this can be achieved, in the next section.
The RNL model, originally used to describe color discrimination thresholds , was later adopted to also describe achromatic contrast thresholds (Siddiqi et al. 2004 ) and used to predict discriminability of a wide range of objects, by birds (Tanaka et al. 2011; Feeney et al. 2014; Jones and Siefferman 2014) , lizards , frogs (Siddiqi et al. 2004; Maan and Cummings 2012) , insects (Lindstedt et al. 2011; Barry et al. 2014; Papiorek et al. 2015) , and snails (Surmacki et al. 2013) . In this modified version, as in the original color discrimination model, receptor noise limits visual discrimination. For this version of the RNL model, the spectral sensitivity of the achromatic channel needs to be known, with receptor noise as the critical parameter for accurate predictions.
ESTIMATION OF RECEPTOR NOISE IN BRIGHT LIGHT CONDITIONS
Although receptor noise is often measured in electrophysiological experiments, only in the honeybee it has, as far as we know, been measured in such a way that values can be used to predict discrimination thresholds with the RNL model ( Table 1, Vorobyev et al. 2001 ; and see Backhaus and Menzel 1987) .
In other species, noise levels can be inferred by adjusting the noise parameter of the model, such that the predicted threshold fits the behaviourally determined discrimination thresholds. Logically, if noise limits discrimination, then discrimination thresholds can, in turn, be used to estimate noise. This leads to the assumption that noise in a receptor channel, may be described as the equivalent to the Weber fraction ω, which relates to the smallest intensity difference ΔI that can be detected, 1 just noticeable difference (JND), for a stimulus of intensity I,
A receptor channel represents the output from several single photoreceptors of a given spectral type. Over a wide range of light conditions, the Weber fraction is constant, a rule of thumb called Weber's law (e.g. Osorio et al. 2004 ) (but see the section below about dim light conditions). In the RNL model of chromatic thresholds, signals from several receptor channels are combined in opponent mechanisms that compare signals from photoreceptors with different spectral sensitivity, to yield chromatic signals . assumed that intrinsic noise is equal in each single photoreceptor cell and that noise in each receptor channel is inversely proportional to receptor density in the retina.
where e is the noise in the receptor channel, σ is the coefficient of variance of noise in a photoreceptor cell, η is the relative density of that receptor type in the retina, and i denotes receptor type (i = UV, S, M, L). Thus, although most studies (Table 1) only report the noise estimate for one receptor channel -commonly the L-channel as it is often the most common receptor type-the noise in any receptor channel can be calculated as:
Of course, L can be exchanged for any channel type for which noise has been estimated. For example, the noise reported for the L-channel of the budgerigar (Melopsittacus undulatus) is ≈0.1 and the relative abundance of the cone types is estimated to be 1:3:4.2:4 for the UV:S:M:L channels respectively (Lind et al. 2013a ). The noise level in the UV channel, for example, can then be estimated to be 0.2. While it has become standard to use physiologically measured or behaviorally estimated noise levels in the RNL model for chromatic contrast, the achromatic model version is still frequently (but by no means always, see e.g. Defrize et al. 2010; Barry et al. 2014; Maan and Cummings 2012) used without calibration. This is surprising because achromatic discrimination thresholds have been determined in behavioral experiments for a large number of species (Table 1) , and they are often larger than values used in the modeling literature.
The calibration of the achromatic discrimination model is straightforward as noise in only one spectral channel, and thus only one Weber fraction, has to be considered. Achromatic contrast thresholds can be described by the Weber contrast or Weber fraction ω (Equation 1; e.g. Scholtyssek et al. 2007) , where the noise parameter e equals ω when stimulus intensity I is expressed in terms as the number of photons absorbed by a given photoreceptor, the quantum catch, q (Supplementary Equation S1). Alternatively, Michelson contrast C can be used, 
where q stim1 and q stim2 refers to intensity of the two stimuli, expressed as quantum catches. With some derivations, it is thus possible to estimate noise levels in the achromatic visual channel from behavioral thresholds expressed as Michelson contrast. Behavioral experiments often determine contrast sensitivity, CS, which is the inverse of the Michelson contrast threshold C t :
As the contrast between two stimuli remains the same regardless of absolute luminance, it is possible to express Equation 4 with relative quantum catches (quantum catch for both stimulus 1 and 2 are divided by the quantum catch for stimulus 1). By algebraic rearrangement, we obtain relative quantum catch for stimulus 2 from the behaviorally measured contrast threshold:
The noise parameter (e) can then be derived by using relative quantum catch to calculate receptor contrast, Δf (Supplementary Equation S3), and noting the formulation of how achromatic contrast is defined in the RNL model (Siddiqi et al. 2004) ;
where the perceptual distance ΔS for the luminance channel i is 1 JND at threshold so that Δf i = e i (and e i = ω i , see Equation  7 in Vorobyev et al. 2001) . Please note that all standard equations used in the RNL model are given in the supplementary material.
Over a large range of bright light intensities Weber's law holds so that thresholds can be described by a fixed Weber fraction (Equation 1). The visual system adapts proportional to the logarithm of the stimulus and background intensity (Brown 1951; Barlow 1957; Yebra et al. 2000; Lind et al. 2013a; Olsson et al. 2015) , and noise scales linearly with signal intensity. This type of noise is called Weber noise, which is a pragmatic description of visual constraints, convenient for the use in the RNL model (although the Weber behavior of cone-mediated vision may in fact originate from both receptor noise and phototransduction gain modulation (Angueyra and Rieke 2013) ).
ESTIMATION OF RECEPTOR NOISE IN DIM LIGHT LEVELS
In dim light, Weber fractions increase, thus, Weber's law is violated, and noise levels estimated in bright light are no longer valid Osorio et al. 2004; Jarvis et al. 2009; Lind et al. 2013a; Olsson et al. 2015) . As light becomes dimmer and photons more scarce, the stochastic nature of photon arrival contributes significantly to the absolute noise levels (Rose 1942; De Vries 1943; Rose 1948; Donner et al. 1990; Angueyra and Rieke 2013) . Estimation of this type of noise-photon shot noiserequires absolute measurements of radiance spectra, and the absolute number of photons Q that are absorbed in an integration period (Supplementary Equation S2). The integration period refers to the time it takes a visual channel to fully respond to a change in stimulus intensity (Land and Nilsson 2012) , which can be compared to the shutter time of a camera. Photon shot noise is given by the square root of the absolute number of photons absorbed, Q , and adds to Weber noise, thus the relevant noise parameter E for receptor channel i becomes:
At even dimmer light levels, close to visual threshold, a third source of noise adds to the calculations. Photoreceptors occasionally activate even in the absence of light, producing weak signals that cannot be discerned from light responses (Barlow 1956 ). This "dark noise" is very low in the rhabdomeric photoreceptors of invertebrates and relatively low even in vertebrate rods (e.g. Field and Sampath 2017; O'Carroll and Warrant 2017) . It is considerably higher in vertebrate cones, depends on temperature (e.g. Aho et al. 1988 ) and limits color discrimination at low light levels close the absolute limit of receptor sensitivity, as has been shown for chickens (Olsson et al 2015) . Adding dark noise to calculations gives:
where X is number of spontaneous receptor activations per integration period, which, unfortunately, is difficult to measure and therefore not well known (see discussion in Olsson et al 2015) for cones of most species. (Langston et al. 1986) For contrast sensitivity functions, we infer noise levels from the maximal contrast sensitivity. B indicates behaviourally determined thresholds. PERG indicates that thresholds established in electroretinograms, using moving patterns. VECP indicates thresholds established by measuring visually evoked cortical potentials. Intensities are given as the illumination intensity or stimulus intensity (stim.). In Stiles (1959) study on humans, the intensity values are only given in a range of Troland, without detailing the pupil diameter. # As an approximate estimate of the light intensities that can be compared between studies, we report the measurements of SI units candela and lux. These are measured using a radiometer equipped with a filter matching the human photopic sensitivity and cannot be converted into number of photons, unless the spectrum of the light source is known. Even though it does not convey information on the spectrum of light, and does not account for the spectral sensitivity of other animals' eyes it can be used for comparison of light levels in different experiments. See figure S1 for more details. For aquatic environments, this may not be as reliable as for terrestrial ones. For calculations of photon catches, the species-specific luminosity needs to be calculated using the receptor sensitivities of each species (see supplementary material).
Thus, model predictions for dim light conditions require additional information, compared to bright light conditions, in which relative receptor quantum catches can be used (Supplementary Equation S1). In dim light, when photon shot noise and dark noise contribute, absolute quantum catches are needed (Supplementary Equation S2; Olsson et al. 2015) , requiring absolute measurements of stimulus radiance. These considerations are further complicated by the fact that visual systems may employ neural strategies of temporal and spatial summation that increase the effective quantum catch of visual channels (Barlow 1958; Donner 1987; Stöckl et al. 2016; Olsson et al. 2017) and thus reduce the effect of photon shot noise at low light intensities. The intensity range for color vision is known only for a few species, (see Kelber et al. 2017 ).
BEHAVIORALLY MEASURED DISCRIMINATION THRESHOLDS
Although there exist numerous behavioral studies of animal color vision (reviewed in Kelber et al. 2003) , absolute chromatic discrimination thresholds, suitable for estimation of the noise parameter, are only available from a handful of investigations (Table 1) . Almost all studies on animals concern the discrimination of relatively large stimuli subtending more than one degree of visual angle. Only a few studies on the discrimination of color gratings exist (Mullen 1985; Lind and Kelber 2011) , but their results have not been incorporated by the RNL model to allow for the prediction of chromatic discrimination of small objects and fine detail.
Compared to chromatic discrimination thresholds, achromatic discrimination thresholds have been determined in many more species. They are often measured for gratings or other patterns of known spatial frequencies (often in complete contrast sensitivity function, CSF, see SPATIAL PROPERTIES OF CONTRAST DISCRIMINATION and Figure 2 ) while brightness discrimination thresholds for the contrast between large fields are less common. In Table 1 , we list noise levels that have been estimated from behavioral thresholds for achromatic and chromatic vision, and can be used in model calculations.
Behavioral experiments can also be used to identify the intensity realms of bright and dim light, i.e. where vision obeys Weber's law and where it does not. These conditions are different for different species, which is important for the decision whether modeling should consider only Weber noise, or include also photon shot noise and dark noise. Studies of color vision in humans (Brown 1951; Yebra et al. 2000) , budgerigars (Lind et al. 2013a) , and chickens (Olsson et al. 2015) have revealed the intensity range within which Weber's law is valid. Below these intensity limits discrimination thresholds increase, as a consequence of photon shot noise and dark noise. Deviations from Weber's law at low light levels can also be determined for achromatic contrast sensitivity or brightness discrimination. Maximal contrast sensitivity, for example, declines at light levels below 0.1 cd m −2 in the elephant hawkmoth (Deilephila elpenor; Stöckl et al. 2016) . Unfortunately, studies like this are rare and often inconclusive, such as the description of the decline of maximal contrast sensitivity below 3 cd m -2 in barn owls (Orlowski Lind and Kelber 2011) . In both cases, the positive stimulus (S+) could be only discriminated from the negative stimulus (S−), when the achromatic contrast was above threshold. In the test of brightness discrimination, the contrast discrimination threshold was derived from the psychometric function (72.5% N = 40, P < 0.05 binomial test). For the CSF, the contrast discrimination is tested at several spatial frequencies of the grating, which was the negative stimulus. From the resulting set of psychometric functions, the inverse of each discrimination threshold, the contrast sensitivity, is plotted over the spatial frequency. The 3 example stimulus pairs illustrate gratings with low spatial frequency and high contrast, intermediate spatial frequency and low contrast and finally high spatial frequency and intermediate contrast. For budgerigars, the Michelson contrast threshold is roughly 0.1 for both brightness discrimination and the CSF. From equations 5-7, this yields a Weber noise level of 0.2 for the luminance channel. et al. 2012), 16 cd m −2 in cats (Pasternak and Merigan 1981) , and 50 cd m -2 in humans and macaques (de Valois et al. 1974) . Indeed, these experiments indicate intensity regions where calculations would have to account for photon shot noise, however, the upper limit of these regions remain unclear as tests did not include brighter light levels. Clearly, for most light conditions other than daylight, the scarcity of experimental data often makes judgments about relevant noise for modeling uncertain. In unclear cases, it may be helpful to include rather than exclude photon shot noise and dark noise.
Visual modeling does not only rely on correct use of experimentally validated parameters, but also on careful evaluation of the context of the modeled perception or behavior. In the next sections, we will shortly discuss some problems that are commonly encountered in modeling visual performance in ecological studies; the size and spatial texture of objects, behavioral context, and the combination of chromatic and achromatic information.
SPATIAL PROPERTIES OF CONTRAST DISCRIMINATION
In Table 1 , we present noise parameters estimated from discrimination thresholds. It should be noted, however, that thresholds are not fixed but depend on the spatial texture of stimuli. The contrast sensitivity function (CSF) describes how sensitivity (the inverse of the threshold) changes across spatial frequencies (Figure 2 ). For stationary stimuli with achromatic contrast in bright light, CSFs are typically shaped like an inverse U (De Valois et al. 1974; Uhlrich et al. 1981; Lind and Kelber 2011) , with a highest sensitivity at some intermediate spatial frequency, and lower sensitivity is reduced at lower ("larger objects") and higher ("smaller objects") spatial frequencies. Contrast sensitivity is discussed in more detail in O'Carroll and Wiederman (2014) .
The CSFs for chromatic gratings have low pass characteristics and much lower spatial resolution compared to the CSF for achromatic stimuli. So far, the chromatic CSF is only known in humans (Mullen 1985) and budgerigars (Lind et al. 2011 ), but from experiments on single-object resolution, we can infer that the same is true for honeybees (Giurfa et al. 1997; Hempel de Ibarra et al. 2001; Spaethe et al. 2001; Hempel de Ibarra et al. 2002) . Thus, it seems that color vision, in contrast to achromatic vision, is optimally tuned to the discrimination of large fields and not of detailed spatial patterns, a fact supported by other types of behavioral data (Jones and Osorio 2004) .
Ideally, to understand how an animal visually perceives a scene, the scene should be filtered through this animal's CSF. Unfortunately, behavioral determination of the CSF of an animal is difficult and models of achromatic CSF (Jarvis and Wathes 2008) require parameters describing neurological characteristics that usually are unknown. At present, the RNL model does not account for the large range of spatial texture in stimuli. Instead the model is restricted to a few spatial domains; intermediate spatial frequencies for achromatic patterns (maximal contrast sensitivity, Figure 2b ) and very low frequencies (large fields) for brightness discrimination and color vision.
Still, this may not be a major concern for modeling in visual ecology. If the purpose of a study is to determine whether a specific contrast can be discriminated at all, using the best contrast detection threshold may be warranted, as the distance of detection may not be relevant. While this is sufficient for many modeling tasks, there is an obvious need to develop the RNL model to account also for the simultaneous viewing of many different spatial frequencies and sub-optimal viewing conditions.
BEHAVIORAL AND ECOLOGICAL CONTEXT
Contrast detection thresholds may differ depending on the behavioral task, the size, distance and the presentation of the visual stimulus, and the illumination. Specifically, under water, the illumination angle and the spatial orientation of stimuli may have major effects (see Johnsen 2012) . Differences reported in the literature can often be attributed to differences in experimental design, for instance, Scholtyssek and Dehnhardt (2013) suggest that such factors may explain disagreements in the achromatic Weber fraction estimated for the South African fur seal (Arctocephalus pusillus) (Table 1) .
Moreover, animals may alter choice criteria between visual tasks, thus balancing the benefit of detection against the cost of making errors. On the other hand, behavioral experiments may use different behavioral paradigms and calculate thresholds differently between species and studies. Another important factor which may heavily impact the estimated behavioral threshold is the motivational state of the animal. Unmotivated animals are not inclined to perform in experiments and especially close to the threshold. This may easily lead to substantial predictive errors where behavioral thresholds measured under specific laboratory conditions over-or underestimate performance of animals in their natural habitat. We don't know of any comparisons between visual thresholds measured in the laboratory and in the wild but is potentially a fruitful field of future studies in visual ecology.
Another intriguing subtlety for modeling visual thresholds in both bright and dim light, is the fact that Weber's law is only valid for discrimination between stimuli with similar intensity and color as the background. If, for example, an animal discriminates between red berries among foliage, the photoreceptors are adapted to the green background while discrimination is made between red objects. Under these conditions, thresholds are larger than expected from Weber's law, so that these red colors are less distinct than expected from the model calculations (Lind 2016; Olsson et al., in preparation) . Similarly, against a bright background such as the sky, even white objects will appear black and the contrast between objects will be difficult to detect. In these cases, discrimination thresholds cannot be predicted from receptor sensitivities and noise alone, but the difference between the stimuli and the adapting light spectrum has to be taken into account.
COMBINATION OF CHROMATIC AND ACHROMATIC INFORMATION
Finally, a majority of ecologically important stimuli, such as fruit, flowers or peacock plumage, have both strong chromatic contrast and fine spatial structures, but it is unclear how information from achromatic and chromatic vision is combined to produce a behavioral response. Although it has long been assumed that, in many animals, chromatic and achromatic pathways are separated at the receptor level (Osorio and Vorobyev 2005) , there is increasing evidence for interactions between them (Kelber and Henze 2013) . In flies, it has been shown that all receptors contribute to both chromatic and achromatic vision (Wardill et al. 2012; Schnaitmann et al. 2013) , and in birds, evidence for contribution of single cones to high-resolution achromatic vision is building up (Reymond 1985; Jones and Osorio 2004; Lind and Kelber 2011; Mitkus et al. 2017) . Some studies have suggested methods of calculating perceptual distances including both chromatic and achromatic contrasts (Pike 2012; Maan and Cummings 2012) . This may be useful in some instances but it is difficult to relate to visual physiology, as the relative weight given to achromatic and chromatic information may differ both between species and behavioral context Vorobyev 2005, Kelber et al. 2017) . Thus, the best recommendation is to take both visual modalities into account, calculate the contrasts separately and base conclusions on the combined results. However, it is crucial to base assumptions on achromatic thresholds on state of the art knowledge of the spectral and contrast sensitivity of the achromatic channel.
CONCLUSIONS
With known photoreceptor sensitivities and determined noise levels, the RNL model is a versatile tool for mapping visual contrast and exploring visual ecology (e.g. Håstad et al. 2005; Lind et al. 2013c; Sato et al. 2015) . It is important to use relevant noise estimates for the chromatic and achromatic visual channels of animals, use of incorrect noise estimates will strongly affect model predictions and conclusions (Lind and Kelber 2009, Bitton et al. 2017) . If achromatic or chromatic contrast thresholds have been measured in a species, physiologically or behaviorally, those results should be used as model parameters. If these are not known, it is important to be very careful with interpretations of the model output, and some kind of sensitivity analysis is recommended, similar to those performed by Lind and Kelber (2009) or Bitton et al. (2017) . Even with the most careful use of model parameters, model results are ecologically relevant only when receptor noise really is the limiting factor. In many natural situations, this is not the case, for instance when fast moving small objects are viewed under low light conditions, in front of a highly contrasting background. Another limitation of the model is that it is developed for the prediction of discrimination thresholds , while its validity in predicting perceptual difference at large supra-threshold contrast is uncertain Osorio 2010, Kemp et al. 2015) .
Finally, model predictions based upon laboratory experiments may not always reflect visually guided behavior expressed in nature due to imperfect study design and low animal motivation. With this in mind, the accuracy of the RNL model can be assessed systematically and used to make predictions in studies of visual ecology.
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